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Abstract trained — and hence the biases they contain. Users also have

Large language models (LLMs) are becoming critical to a
variety of public services, motivating sovereign Al initiatives
that seek to serve models on infrastructure they control. Yet
much of this infrastructure is built as HPC clusters optimized
for batch jobs rather than interactive, always-on inference
services. Existing LLM serving engines efficiently execute
requests on GPUs, but rely on an external control plane (e.g.,
Kubernetes in cloud environments) for service discovery, rout-
ing, health monitoring, and load balancing. In HPC environ-
ments, these primitives are often unavailable: resources are
managed by schedulers such as Slurm, allocations are tran-
sient, compute nodes may be unreachable from outside the
cluster, and GPU capacity is fragmented across heterogeneous
clusters and administrative domains.

We present OpenTela, a user-space orchestration overlay
that turns existing fragmented HPC clusters into a unified,
cross-institutional serving platform. OpenTela provides fault-
tolerant service discovery via a CRDT-based gossip network,
a unified API over heterogeneous cluster managers and serv-
ing engines, and a heterogeneity-aware scheduler, all in user-
space without root privileges or cluster reconfiguration. Open-
Tela has been deployed for over 22 months, serving 13 million
requests and 15 billion tokens across 142 models to over 1000
researchers across multiple institutions. We open-source the
system and release an anonymized production trace to facili-
tate further research into real-world LLM serving workloads,
and provide a replicable blueprint for other sovereign Al ini-
tiatives to harness their own federated GPU infrastructure.

1 Introduction

As large language models (LLMs) are increasingly being in-
tegrated into critical digital infrastructure for public services
such as administration [48], healthcare [7, 61], and educa-
tion [14], governments and organizations need more control
over how these models are developed and served. While com-
mercial Al providers like OpenAl and Anthropic provide
convenient access to state-of-the-art models, organizations
using these models lack insight into how the models were

no control over the availability of these models and how they
evolve over time (e.g., OpenAl can suddenly decide to stop
serving a particular version of a model). Hence, many gov-
ernments and organizations are investing heavily in sovereign
Al infrastructure: compute clusters, data pipelines, model de-
velopment research, and operational platforms that they can
control, inspect, and govern [4, 24,49, 64].

This shift has triggered large-scale public investment in Al-
oriented supercomputing infrastructure. For example, Switzer-
land has invested in the Alps supercomputer, a geo-distributed
cluster of over 10,000 NVIDIA Grace Hopper GPUs for open
science [44]. Japan’s ABCI 3.0 provides 6,128 NVIDIA H200
GPUs for Al [49]. The European Commission plans to build
19 Al Factories and up to five Al Gigafactories backed by a
€20 billion investment [16]. The UK government has com-
mitted up to £2 billion to deliver new Al supercomputers [28].
Canada, Singapore, South Korea, the United States and many
others are also investing in building and broadening access to
Al compute [24-27].

Making sovereign Al useful in practice requires more than
training models on this infrastructure. These models must
also be served efficiently, reliably, and continuously to users.
Model serving requires substantial compute, often exceeding
the cycles spent on training [17,67].

Yet the infrastructure being built for sovereign Al often
consists of HPC clusters, which are designed for throughput-
oriented batch jobs rather than interactive, always-on services
like LLM inference. Model serving requires load balancing,
dynamic service discovery, persistent endpoints, fault-tolerant
request routing, and elastic scaling. LLM serving engines such
as vLLM [38] and SGLang [75] assume that an external or-
chestration layer (e.g., Kubernetes) will provide the surround-
ing service functionality. However, in HPC environments,
resources are usually managed by batch schedulers, such as
Slurm [73], that give users a set of nodes for a bounded time
window (e.g., up to 12 hours), with no persistent endpoints
across job re-invocations or control plane to route external
traffic to model replicas. Replacing Slurm with Kubernetes



is non-trivial as HPC workloads depend on features such
as topology awareness, MPI integration, and established op-
erational policies. Running a separate Kubernetes partition
avoids disrupting existing workflows, but rigidly partitions
scarce GPUs between batch and serving workloads, which
could leave idle capacity in one partition while there is de-
mand for the other [1, 65].

Furthermore, to deal with highly dynamic GPU availability
within each HPC cluster (e.g., see Figure 1) and the bursty
load patterns of LLM inference, it is often beneficial to pool
resources across clusters to smooth both effects: idle GPUs
at one site can absorb demand from another, and aggregating
requests across clusters can improve batching efficiency. How-
ever, cross-cluster serving is challenging as clusters are often
administered separately and may run different schedulers, ex-
pose different network policies, contain heterogeneous GPUs,
and differ in data sovereignty guarantees.

We present OpenTela, a thin user-space overlay that turns
fragmented HPC resources into a unified LLM serving plat-
form. OpenTela runs on top of existing cluster managers
such as Slurm and Kubernetes, providing LLM serving prim-
itives entirely in user space, such that it does not require
root privileges, cluster reconfiguration, or changes to user
workflows. OpenTela exposes a unified OpenAl-compatible
API across heterogeneous serving engines, including vLLM
and SGLang, that it can run as transient Slurm jobs, long-
running Kubernetes services, and diverse GPU hardware. Its
decentralized gossip network backed by a CRDT-based reg-
istry provides service discovery, health monitoring, and fault-
tolerant routing without assuming a central coordinator. A
heterogeneity-aware placement policy helps map models to
available GPUs, while ensuring that requests are only routed
to model instances that a user trusts.

We deploy OpenTela to provide a catalog of open-source
and community-developed models to researchers in the Swiss
Al Initiative, an initiative that trains and serves open founda-
tion models, such as Apertus [30]. OpenTela unifies multi-
ple geo-distributed clusters with different hardware and re-
source management stacks, including Slurm-managed and
Kubernetes-managed resources. Researchers interact with
a single API endpoint, while OpenTela handles authenti-
cation, usage tracking, routing, and node lifecycle manage-
ment across the underlying infrastructure. OpenTela has
been operational for over 22 months. During this period,
it has served more than 13 million requests and 15 bil-
lion tokens across 142 models to over 1000 researchers
across multiple institutions. We open-source OpenTela at
https://github.com/eth-easl/opentela and release
an anonymized production trace spanning July 2024 to Oc-
tober 2025 at https://huggingface.co/datasets/et
h-easl/swissai-serving-trace. Unlike prior public
traces that typically cover a small number of models or short
time windows, our trace captures a long-running, multi-model,
research-oriented LLM serving workload with both popular
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open-weight models and a long tail of community-developed
models.

2 Background and Motivation

LLM serving engines are not serving platforms. Modern
LLM serving engines, such as vLLM and SGLang, provide the
execution layer for inference. They load model weights, man-
age KV caches, batch requests, schedule prefill and decode
work, and expose an API endpoint for submitting prompts.
These engines have made it substantially easier to run open-
weight models efficiently on GPUs. However, an inference
engine is not a complete serving platform. A shared LLM
service must also provide a control plane around the engine:
clients need a stable endpoint, the system must discover which
replicas are currently serving which models, requests must be
routed and load-balanced across replicas, failed replicas must
be removed from the service, users must be authenticated,
and operators need visibility into model availability and re-
source usage. In cloud deployments, these functions are often
provided by Kubernetes or a proprietary orchestration system
of a commercial provider. In contrast, most sovereign Al ini-
tiatives make GPU capacity available in HPC environments,
where these features are lacking [41].

HPC schedulers. Slurm [73] is the most common work-
load manager across the top supercomputers [56]. Slurm’s
design reflects its origins in batch scientific computing work-
loads: it allocates nodes for a fixed wall-clock duration, priori-
tizes raw throughput over interactivity, and treats each job as a
transient process with no expectation of persistent state. This
works well for Al training jobs and batch data-processing
pipelines. However, LLM serving requires clients to discover
and route requests to model replicas. A Slurm job can launch
an inference engine, but the resulting endpoint is tied to a
particular allocation and compute node. When the job ends, is
preempted, or is relaunched elsewhere, the endpoint changes
or disappears. The scheduler does not provide a persistent
service name, an external routing layer, a model registry, or a
mechanism for replacing a failed replica with a healthy one.

Simply replacing Slurm with Kubernetes to leverage its
orchestration primitives for LLM serving is often impractical
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as many other jobs rely on Slurm features such as topology-
aware scheduling and native MPI job launch [1, 65]. An-
other option is to partition HPC resources into a Kubernetes-
managed component and a Slurm-managed component. How-
ever, this makes it more difficult to flexibly re-balance re-
sources across the two clusters, which can lead to under-
utilization and unnecessary queuing delays as the load on
each cluster dynamically changes over time.

Federating HPC clusters. A single GPU cluster is often
not enough to provide reliable and efficient LLM serving.
GPU availability changes over time as resources are con-
sumed by training jobs, released by completed jobs, and re-
served for maintenance. Figure | shows this effect in an ETH
GPU cluster: the fraction of idle GPUs varies over time and
across GPU types. At the same time, our trace analysis in §6
shows that inference demand is bursty and model popularity
shifts as users evaluate new models. Pooling resources across
clusters can improve availability and utilization. Idle GPUs
at one site can absorb demand from another, and aggregating
requests across users and institutions can increase batching
opportunities for popular models.

However, cross-cluster LLM serving introduces several
challenges. The participating clusters may be administered
by different organizations, run different schedulers, expose
different network policies, contain different GPU types, and
offer different data governance guarantees. Compute nodes
may not be directly reachable from outside the cluster. Most
importantly, there may be no single privileged coordinator
that all sites are willing or able to operate. In the next section,
we describe how to overcome these challenges.

3 OpenTela Design

To bridge the gap between HPC infrastructure and LLM serv-
ing workloads, we propose OpenTela: a user-space orchestra-
tion overlay that turns fragmented compute resources into a
unified LLM serving platform. OpenTela providers contribute
compute resources and deploy inference engine jobs while
OpenTela consumers submit inference requests through an
API frontend. OpenTela does not replace the underlying clus-
ter manager in each cluster it federates. Instead, a provider
launches OpenTela alongside an existing serving engine, such
as VLLM or SGLang, on resources obtained from a local
cluster manager (e.g., a Slurm allocation or a Kubernetes
deployment). Once an OpenTela job is launched, the node
running the job joins OpenTela ’s peer-to-peer network, ad-
vertises its hardware and model metadata to other nodes, and
becomes available to serve requests.

3.1 System Requirements

We design OpenTela around four key requirements:

R1: Non-invasive deployment. OpenTela must run with
ordinary user permissions, on top of existing cluster managers,
without requiring root access, scheduler modifications, or clus-
ter reconfiguration. This allows researchers and operators to
contribute resources from Slurm or Kubernetes environments
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Figure 2: System architecture of OpenTela Serving.

without changing existing HPC workflows.

R2: Service abstraction over transient resources. Open-
Tela must turn short-lived allocations and independently
launched serving processes into a persistent service abstrac-
tion. It must provide service discovery, model and node reg-
istries, health monitoring, load balancing, and request routing
even as nodes join, leave, fail, or are preempted.

R3: Federation without a centralized coordinator. Open-
Tela must operate across independently administered clusters
with no shared privileged control plane. The system must
maintain an eventually consistent view of available nodes and
models, tolerate network partitions and node churn, and avoid
making a central store a single point of failure.

R4: Heterogeneity- and trust-aware request routing.
OpenTela must support diverse GPU types, serving engines,
model variants, and deployment environments. It must also
ensure that requests are routed only to providers authorized by
the user or institution, preserving data-governance constraints
even when other resources are available.

3.2 System Overview

Figure 2 shows the system architecture that OpenTela adopts
to meet the above requirements.

Cluster infrastructure. OpenTela is designed to unify
geo-distributed clusters that may consist of heterogeneous
hardware. Each cluster may differ in hardware characteristics
(GPU memory capacity and processing power, network band-
width) and software environments (cluster manager, serving
frameworks supported, CUDA versions).

Unified ML Serving Protocol. Most LLM serving en-
gines expose an OpenAl-compatible API [50], which allows
OpenTela to sit above them without modification. OpenTela
adopts this interface as its foundation and extends it with
infrastructure-level endpoints that the OpenAl API does not
provide. Specifically, OpenTela exposes additional endpoints
for querying real-time node status, model registry state, and



provider metadata, allowing operators and consumers to in-
spect the state of the serving platform directly without requir-
ing access to individual nodes. For security, these endpoints
are strictly read-only and expose the CRDT registry state with-
out permitting external modification, preserving the integrity
of the distributed states.

Node Network. The node network is the transport layer
that connects every OpenTela node into a single peer-to-peer
fabric, regardless of which institution or cluster manager it be-
longs to. We build this layer with libp2p [39], which provides
three key features our setting requires: peer addressing and
discovery, encrypted peer-to-peer channels between any two
peers, and connectivity establishment across NAT boundaries.
Together, these make cross-institutional federation feasible:
nodes on different clusters can locate one another, establish
encrypted channels, and reach each other across private net-
works without any centralized broker. This is needed in our
setting, as HPC nodes typically have only outbound connec-
tivity and cannot accept inbound connections from outside
the cluster. The node network establishes secure channels
between two such nodes through hole punching when both
can reach a common rendezvous peer, or through a circuit
relay on a publicly reachable peer otherwise. Both modes
use only the outbound connections that compute nodes are
already permitted to make, and require no changes to insti-
tutional network policies. A new node joins the network by
contacting one or more bootstrap peers. If all bootstrap peers
are temporarily unreachable, the node retries with exponential
backoff until connectivity is restored. Once connected, the
node uses the Kademlia DHT [45] to discover other peers
and exchanges state with them through a randomized gossip
protocol layered on top of these peer-to-peer connections.

Registry. The registry is the state layer on top of the node
network. It maintains a consistent global view of available
nodes and models across institutional boundaries without a
central coordinator. Our design of the registry considers that
HPC nodes frequently join and leave as allocations expire
or are preempted from scavenger queues, and that no cen-
tral coordinator can be assumed to serialize state updates.
OpenTela represents the registry as a Growth-only Map (G-
Map) conflict-free Replicated Data Type (CRDT) [58], whose
merge semantics are commutative, associative, and idempo-
tent, guaranteeing convergence without coordination. Each
entry in the map represents a node in the network: the key is
a unique identifier assigned at node creation, and the value is
a tuple containing the node’s lifecycle state and its metadata
payload. State updates propagate over the gossip protocol
described above, and every node maintains a full local replica
that it reads without further network round trips. To prevent
unbounded registry growth as nodes join and leave over time,
OpenTela applies a two-tier garbage collection policy: evicted
nodes are first removed from the application-level view after
a configurable retention window (24 hours by default), and
CRDT-level tombstone markers are compacted periodically

thereafter. The registry exposes two views derived from the
same underlying state. The Node Registry tracks hardware
availability and lifecycle state for each node, and the Model
Registry maps models to the nodes currently serving them.
Both views are queried locally on whichever node receives
the query: every OpenTela node holds a full replica and an-
swers from it without contacting any centralized catalog. In
practice, consumers do not query the registry directly. The
API frontend reads its local replica when routing each infer-
ence request, and the same replica backs the read-only HTTP
endpoints described earlier, which expose registry contents
for inspection by users and operators.

Service scheduler. While users can manually assign nodes
to serve specific models, OpenTela also has a centralized ser-
vice scheduler that can automatically optimize model place-
ment to balance performance requirements with resource
availability and cost efficiency. We describe the default policy
in §3.5, but operators can substitute their own.

API frontend. OpenTela’s API frontend runs as a regular
OpenTela node that participates in the gossip network like any
other but is reachable at a public IP address so that consumers
can submit requests without running their own node. We
call it an ingress node as it is the entry point through which
external requests enter the gossip network. Alongside the
standard OpenTela node functionality, the API frontend also
runs a user-facing service that manages client connections
and handles authentication, usage tracking, and the request-
response lifecycle. The user-facing service and the ingress
node can also run on separate hosts, as long as the former
can forward authenticated requests to the latter. Because the
ingress node holds a full local replica of the CRDT registry,
it performs the candidate selection and routing described in
§3.4 without contacting any external coordinator.

User interface. To ease access, OpenTela provides a web-
based dashboard that allows users to browse the real-time
catalog of actively served models alongside their hosting hard-
ware, manage API keys, and validate model behavior through
an interactive chat interface.

3.3 Trust Model

Allowing users to run arbitrary models and serve the requests
of other users introduces security concerns. If any node can
join the network and claim to serve any model, users have
no guarantee that the node will execute inference correctly
or keep the input data confidential. OpenTela addresses these
concerns at two points in the serving path.

Membership admission control. Only signed OpenTela
binaries can join the network. Each release is signed by main-
tainers, and unsigned or tampered binaries fail the join hand-
shake and never appear in the CRDT registry.

Client-side filtering. When a user submits an inference
request, they may specify a set of trusted provider IDs in the
request metadata. The ingress node filters the candidate set
from the CRDT registry to retain only nodes whose provider
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IDs appear on this allowlist before applying load balancing.
Requests are never dispatched to providers that the user has
not explicitly allowed. This places trust management in the
hands of the user, which is appropriate for a research envi-
ronment where institutional relationships are known, but it
requires users to maintain and update their allowlists correctly.

These mechanisms still have limitations. OpenTela attests
binaries at the software level: peers verify a signature over
the binary at load time, proving the file on disk matches what
OpenTela maintainers signed. However, the provider, as the
root user on the node they contribute, can replace the serv-
ing engine with a modified build that records every request
or captures the prompts on the loopback interface between
the OpenTela process and the serving engine. None of these
produces externally observable artifacts that OpenTela can
currently detect. Hardware-backed attestation through confi-
dential computing would close this gap by running the serving
code inside a hardware-encrypted enclave that the host root
user cannot read, and by producing a remote attestation that
cryptographically identifies the code executing inside the en-
clave. Clients could then require proof that their request was
handled by a specific audited binary rather than trusting the
provider’s claim. We consider this a direction for future work.

3.4 Workflow Example

Life of a node. A node progresses through four strictly or-
dered states: JOIN < SERVING < DOWN < LEFT. When a
provider contributes a node to OpenTela, it initiates the JOIN
process by contacting a known bootstrap peer, defined in the
cluster configuration. The node registers its metadata (i.e.,
hardware specification) with the network. OpenTela uses a
randomized gossip protocol for membership management:
upon connection, the node exchanges state with the bootstrap
peer, and this membership information propagates rapidly
across the network. Within a few gossip rounds, the system
converges and all peers update their local registries to include
the new node.

After a node has joined the network, it begins the lifecycle
of a model/service, entering the SERVING stage. The node
deploys a specific model (either explicitly configured by the
provider or dynamically assigned by the service scheduler).
To announce availability, the node updates its local CRDT
state with a service record containing the model identifier,
the node’s unique session ID, and optionally the provider

ID. When the model is served with non-default configura-
tions, such as lower precision or shorter context windows, it
is the provider’s responsibility to add this information to the
model identifier. This metadata is automatically replicated to
all peers, enabling other nodes to discover the new service
endpoint and include it in their routing tables.

The DOWN stage is triggered if there is a local health check
failure: when the per-node OpenTela process detects that the
serving subprocess has terminated, it explicitly transitions
to DOWN and propagates this state to all peers. LEFT marks
permanent eviction and is triggered after the node exceeds the
heartbeat grace period without recovery. The system applies a
two-stage detection policy before escalating to LEFT: a node
that fails liveness probes is first marked as suspected and
excluded from the routing candidate set, but no irreversible
state change is committed. Three independent probe paths
must all fail before suspicion is declared, and a suspected node
can self-refute by broadcasting a liveness update before the
suspicion timeout expires. Only after this grace period elapses
is the node permanently evicted. Since the merge function U
selects the entry with the highest lifecycle state, the network
converges to the most recent fully-specified configuration for
every node without any central reconciliation step. A node
that recovers after eviction rejoins under a new session ID
through the normal JOIN — SERVING lifecycle.

Life of an inference request. Figure 3 shows the life of
a request. To schedule the request, the ingress node queries
its local CRDT replica to identify candidate nodes that are
serving the requested model. OpenTela routes requests based
on the unique session ID and provider ID associated with each
node. The system filters the initial candidate set against the
user’s specified trusted providers. Any node whose provider
ID is not in the user’s allowlist is pruned from the candidates
pool. From the remaining authorized candidates, a specific
session ID is selected via a load-balancing strategy, and the re-
quest is dispatched to that node’s API endpoint. By default, the
ingress node selects a session ID uniformly at random from
the authorized candidates, with round robin and weighted
random selection (e.g., weighted by reported GPU class) as
alternative options. This decentralized approach ensures high
availability and fault tolerance, as the system can dynamically
route traffic across all compliant nodes, continuing to function
even if individual nodes go offline.

Request-level fault tolerance. OpenTela performs best-
effort retries by re-routing failed requests to an alternative
node, up to a configurable maximum retry count. For non-
streaming requests, this retry is transparent to the client.
Streaming requests are handled differently: if a node fails
or the network connection is interrupted after the stream has
begun, OpenTela cannot resume generation on a different
node easily, because LLM inference is non-deterministic and
the partial response cannot be replayed from an arbitrary con-
tinuation point using the standard serving API. Clients issuing
streaming requests must therefore implement their own retry



logic at the application level.

Scheduling policy customization. OpenTela decouples
scheduling policy from request routing mechanics, allow-
ing operators to integrate custom scheduling policies into
the system. At the request-scheduling stage, a policy im-
plements a three-method interface: Pick selects a worker
from the trust-filtered candidate set for the current request,
OnRequestStart and OnRequestEnd bracket each request
so that load-aware policies can track in-flight work. Richer
signals, such as the hardware of each candidate node, can
be read from the local CRDT state. At the fleet level, Open-
Tela provides the building blocks for an external control loop:
every node exposes the full status of the fleet, including the
nodes in the network, their available hardware, the models
they serve, and which nodes are idle. A controller can there-
fore poll any node, identify spare capacity, and decide which
models to deploy where. For example, consider integrating
Helix [46], which serves LLMs over heterogeneous GPUs
and networks by routing each request along a path derived
from a max-flow optimization. Its two components naturally
map to OpenTela’s design: the Pick method implements the
max-flow-based selection logic, while the model-placement
decision becomes a fleet-level controller that launches and
terminates serving engines.

3.5 Model Placement and Scheduling

OpenTela allows users to manually specify which nodes in
the cluster will serve which models. However, these decisions
can be difficult for users to make. Users will often request the
highest-end GPUs for their jobs to maximize performance, but
these devices are usually also the most expensive and their
availability is often scarce due to high demand. OpenTela
therefore provides a scheduler that users can invoke when
there are idle resources to fill and models waiting to be served.
The scheduler decides which models should run on which
nodes, and is a pluggable component so operators can swap in
their own policy if needed. The scheduler runs whenever there
is a model to place across more than one available hardware
configuration, typically as new resources become available or
as observed workload statistics drift.

In our current deployment, OpenTela does not reclaim com-
pute nodes from running models during periods of low load,
and does not repurpose them toward more popular models,
because doing so makes the system less predictable for users.
Resource reclamation happens only through the underlying
cluster manager (e.g., Slurm timeouts or preemption). When
unallocated resources do appear, OpenTela uses them to serve
popular models, but resources that are already allocated to
a running model are left in place even when underutilized.
OpenTela also does not currently change parallelism configu-
rations or other execution settings once the model is running.
Reconfiguration requires the user to stop the model instance
and redeploy it with the new settings.

Default scheduling policy. The default scheduling pol-

icy in OpenTela minimizes mean end-to-end latency over
a heterogeneous resource pool. We formulate it as a con-
strained optimization problem. Consider a heterogeneous clus-
ter D= {dy,...,dn}, where d, denotes the count of available
GPUs of type n. We serve M distinct model types, indexed by
m, with incoming workloads W = {wy,...,wy }. Each work-
load wy, is defined by a tuple (A, i, tioys ) Tepresenting arrival
rate and input/output length distributions, which are collected
and monitored by the API frontend. The scheduler determines
two key decision variables:

1. Allocation matrix (A € RM*N): Where a,, , is the num-
ber of type-n GPUs allocated to model m.

2. Parallelism strategy (P = {pi,...,pu}): Where py,
defines the data and tensor parallelism configuration for
model m.

The optimization objective is formulated as:

min L(W,A,P) €]

where L(-) represents the mean end-to-end latency over the
workload W under allocation A and parallelism strategy P.

Solving Eq. | requires an efficient method to evaluate L(-)
for any candidate configuration. The typical approach of pro-
filing jobs on different hardware configurations is accurate
but not scalable, particularly for clusters that may have highly
heterogeneous hardware, such as the cases we consider. In-
stead, we use a serving simulator to analytically estimate
performance.

The serving simulator takes model specifications (e.g., ar-
chitecture, parameter count), hardware characteristics (e.g.,
GPU type) and request workloads (e.g., arrival times, in-
put/output lengths) as inputs. The simulation operates in two
stages, extending the analytical method of LLM-Viewer [74]
from single-request analysis to multi-request serving scenar-
ios. (1) We first enumerate all operators in the model, such
as the q, k, v linear projections, self-attention computations,
feed-forward layers, etc. For each operator, we estimate its
execution time on the target hardware. In our current design,
we estimate execution time using the roofline model [6, 71],
taking into account the operator’s computational intensity and
the hardware’s peak performance and memory bandwidth.
This analytical model, though not as accurate as empirical
profiling, provides a unique advantage in our environment as
it does not require offline profiling, making it adaptable to
new models, new hardware, and diverse serving environments,
such as model or KV cache quantization, varying sequence
lengths and batch sizes, etc. (2) In the second stage, we sim-
ulate the concurrent execution of the input workload. Based
on the operator latencies derived in the first stage, the simula-
tor models system behaviors including continuous batching,
model parallelism, and scheduling policies. The simulator out-
puts key metrics like latency and throughput, which drive the



service scheduler’s deployment decisions. However, we ac-
knowledge that the accuracy of the simulator is limited by the
assumptions of the roofline model and the complexity of real-
world serving optimizations. Our simulator does not currently
model many optimizations, such as chunked prefill [3], prefill
and decode disaggregation [2], prefix caching, etc., which can
significantly impact performance. We consider improving the
accuracy of the serving simulator a key direction for future
work.

These simulation results parameterize our objective func-
tion, allowing us to evaluate the specific trade-offs inherent in
Eq. 1. The scheduler uses Constraint Programming (CP) [55]
to solve the optimization problem, which excels at exploring
discrete combinatorial spaces through constraint propagation,
making it ideal for our resource allocation problem. We en-
force three key constraints to ensure feasible deployments:

C1: Global Resource Capacity. The total allocation for
each GPU type n cannot exceed availability:

M
Z Amp < dy, Vn. 2
m=1

C2: Memory Feasibility. To prune the search space, we en-
sure any assigned GPU type n has sufficient memory (mem,,)
to host the model weights and KV cache (M,,):

am,y -em, > My, Y(m,n) where ay, > 0. 3)

C3: Parallelism compatibility. For each model type m, the
parallelism strategy p,, specifies a configuration <‘I’1()n117\|’(Tr3>
for each GPU type n where a,,, > 0, representing the data
parallelism [40] and tensor parallelism [47, 60] degrees, re-
spectively. The configuration must satisfy:

mn =W W) Y(m,n) where @y, >0, (@)

ensuring that the a,, , GPUs of type n allocated to model m

are exactly partitioned into q!l()"ll data-parallel replicas, each

employing W(T'Q-way tensor parallelism.

4 Implementation

Our implementation of OpenTela consists of approximately
7K lines of Go. We choose Go because of its strong sup-
port for concurrency, cross-platform compatibility, and a rich
ecosystem of libraries for building distributed systems. Open-
Tela uses 1ibp2p [39], a modular network stack, to construct
the peer-to-peer network that underpins the decentralized ar-
chitecture. OpenTela provides a Gin [19]-based API endpoint
that exposes RESTful endpoints for accessing the internal
status and functionalities of the system. The complementary
API frontend is implemented using FastAPI [18].

OpenTela is distributed as a pre-built command-line tool.
To deploy a model, users simply encapsulate their exist-
ing inference commands (e.g., vllm or sglang) within
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Figure 4: OpenTela’s ability to recover from node failures
over time.

the OpenTela CLI. For instance, a user can start a
node by running: otela start --process vllm serve
[model_name]. Alternatively, users can start a node with-
out a pre-defined model by running otela start. In this
mode, the node registers its available hardware resources with
the network, allowing the service scheduler to assign models
to the node later.

5 System Evaluation

In this section, we evaluate the fault-tolerance and perfor-
mance of OpenTela with benchmark workloads, while in §6,
we will analyze the real workloads on the deployed system.
Our evaluation aims to answer the following key questions:

Q1: Control plane overhead of OpenTela. How much
latency does OpenTela’s user-space control plane add to each
request, and does this overhead remain stable as request load
increases?

Q2: Elasticity and fault-tolerance. Can OpenTela main-
tain service continuity and scale throughput proportionally in
a dynamic environment with node failures and additions?

Q3: Placement efficiency. How does our heterogeneity-
aware placement strategy compare to standard heuristics in
terms of aggregate cluster throughput?

Q4: Simulation accuracy. Does the serving simulator
accurately capture relative hardware performance differences
to guide scheduling decisions?

Experiment setup. We conduct our experiments on a
heterogeneous environment composed of NVIDIA GPUs,
ranging from datacenter-grade accelerators (GH200, H100,
A100) to consumer-grade hardware (RTX 3090). This
diversity allows us to evaluate OpenTela’s ability to
handle hardware heterogeneity. We use OpenTela to
serve popular open-source LLMs with varying parameter
sizes: Qwen/Qwen3-1.7B, Llama-2-13b, CodeLlama-34b,
and Llama-3.3-70B-Instruct. Unless otherwise stated, re-
quest arrival times follow a Poisson process, with input and
output token lengths sampled from Normal distributions de-
rived from real-world traces collected from our deployment
(see more details about traces in §6).

Control-plane overhead. We measure the per-request over-
head introduced by OpenTela’s control plane to quantify the
cost of operating as a user-space overlay above the serving
engines. We decompose each request’s lifecycle into five con-
trol plane stages alongside the LLM inference performed by
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Figure 5: Control plane overhead of OpenTela. (a) Per-stage
cost for a single request. (b) p5SO TTFT decomposition at
arrival rates of 1, 4, and 16 RPS with 256 input tokens.

the serving engine, and benchmark these components on a
deployment serving Qwen/Qwen3-1.78 on 1 GH200 GPU,
with Poisson arrival rates of 1, 4, and 16 RPS, and report the
time spent in each stage.

Figure 5a reports the per-stage overhead breakdown for
serving a 1.7B model. Ingress, which covers request reception
and dispatch at the ingress node, takes 0.33 ms, and Lookup,
the CRDT-based candidate selection at the ingress node, takes
less than 0.1 ms, confirming that the local replica supports fast
selection decisions without contacting a central coordinator.
The dominant costs are Forward and Return at around 0.5 ms
each, reflecting the network hops between the ingress and
serving nodes. Others contributes a residual cost of less than
1 ms, which includes the handoff to the serving engine and
other processing. Figure 5b shows how these costs contribute
to the overall time-to-first-token (TTFT) at different arrival
rates, with the control plane overhead remaining stable and
contributing around 10% of the total TTFT, while the ma-
jority of the latency is due to LLM inference. As the model
size grows, the relative impact of the control plane overhead
shrinks, since prefill latency scales with model size while the
control plane overhead remains fixed. For time-per-output-
token (TPOT), only the Return hop contributes per token, and
as the other stages are amortized over the lifetime of the re-
quest, the resulting per-token overhead is sub-millisecond,
which is negligible compared to the decoding time of each
token. In a wide-area deployment with the ingress node in
Frankfurt and the serving node in Switzerland, OpenTela adds
~3.5 ms to TTFT over invoking the model directly on the
serving node. The network round-trip accounts for ~3.1 ms,
leaving only ~0.4 ms attributable to OpenTela’s routing.

We also measure how quickly state changes propagate
through OpenTela’s gossip network. We trigger an event at
one node (either a node joining the network or an existing
node starting to serve a new model) and measure the elapsed
time until each remaining node has applied the corresponding
update to its local registry. At cluster sizes from 8 to 128
nodes, 50% of nodes converge in 7 to 13 ms, 75% within
26 ms, and 95% within 1 second. The slowest node shows a
tail of several seconds, reaching around 10 seconds with 128
nodes in the network. This tail reflects how long full cluster

convergence takes, but it does not block request routing: the
ingress node dispatches requests to the new endpoint as soon
as its own replica reflects the update, independent of when
the rest of the cluster converges.

In addition, we measure the message bandwidth overhead
introduced by OpenTela. On the data plane, forwarding a re-
quest from the ingress node to the serving node adds a fixed
header cost of around 450 bytes on the request path and 120
bytes on the response path, independent of the payload size.
On the control plane, the background traffic scales with the
mesh size rather than the request rate: an idle node exchanges
only liveness messages, and its per-node traffic grows roughly
linearly from 1 KB/s at 10 nodes to 8 KB/s at 50 nodes. Up-
dates to the shared registry are more expensive: each CRDT
write (e.g., a node joining or registering a model) raises per-
node traffic from 1 KB/s at idle to 40 KB/s when 10 nodes
re-register every 3 seconds. However, these spikes are tran-
sient and do not affect request processing, since the control
plane operates asynchronously in the background.

Cross-cluster overhead. The measurements above isolate
per-request cost within a single cluster. OpenTela also adds
overhead at the network layer through its tunneling fabric,
which becomes relevant once requests cross cluster bound-
aries. HPC compute nodes typically sit behind login-node
gateways with no inbound connectivity and tight egress poli-
cies, so any cross-cluster path requires a tunneling layer that
OpenTela provides as part of its node fabric. To quantify this
cost, we measure pairwise latency and throughput between
our deployment clusters and representative client locations
across Switzerland and Europe.

Figure 6 reports measurements through OpenTela. Paren-
thesized values give direct ping and iperf results for paths
where the two endpoints can establish a direct connection.
Entries without parentheses correspond to paths where di-
rect communication is not possible, and OpenTela establishes
connectivity through hole punching and circuit relay. On
paths where direct measurement is possible, OpenTela’s tun-
neling adds at most 15 ms above the 19 ms direct baseline
(Clariden—JSC, from 19 ms to 34 ms) and reduces through-
put by up to 16% (OCI-2—OCI-1, from 503 to 423 Mbps).

Elasticity and fault-tolerance. To evaluate OpenTela in
a dynamic HPC-based environment, where nodes may join
or leave the network at any time, we deploy OpenTela on
a system with at most 64 GH200 GPUs, serving a continu-
ous stream of inference requests while varying the available
worker pool by randomly terminating nodes in the system
during the experiment. Figure 4 reports the throughput (in
tokens/s) alongside the number of active replicas over time.
OpenTela’s throughput (red line) adapts proportionally, on
average, to the number of active replicas (blue line), showing
that OpenTela can effectively adjust to changes in compute
capacity without manual intervention. Furthermore, despite
the abrupt termination of nodes, we observed zero user-facing
HTTP errors during the entire experiment. This confirms
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Table 1: We compare how OpenTela vs. a memory-
proportional heuristic policy allocate hardware for different
models running in a cluster of 24 A100s and 32 GH200s.

13B 34B 70B
MemP | 4xA100 16xA100 32xGH200+4xA100
Ours 6xA100 | 16xGH2004+10xA100 | 16xGH200+-8xA100

that our decentralized registry maintains service continuity
even under high churn rates, successfully routing requests to
remaining healthy nodes while the cluster topology stabilizes.

Placement strategy. We evaluate the effectiveness of our
placement strategy by comparing it to a memory-proportional
policy, memP, inspired by HexGen [36], which represents
a standard heuristic. It allocates GPU resources propor-
tional to the memory demand of different models, defined
as the product of the average request arrival rate and the
model parameter size. We synthesized a workload mod-
eled from real-world traces collected from OpenTela, con-
sisting of three distinct models with varying sizes and
load characteristics: Llama-2-13b, CodeLlama-34b, and
Llama-3.3-70B-Instruct. Requests for each model follow
a Poisson arrival process with average rates of 110, 185.5, and
221 req/s, respectively. We sample input and output sequence
lengths from Normal distributions, with mean input lengths
ranging from approximately 600 to 1170 tokens, and mean
output lengths ranging from 64 to 530 tokens. Table | shows
the placement allocation that each policy decides when given
a budget of 24 A100 and 32 GH200 GPUs. Figure 7 com-
pares the performance of the two placement decisions. The
memP baseline prioritizes the largest model (70B) and over-
provisioning it with GH200 and A100 GPUs. This does not
leave enough resources for the 34B model, resulting in lower
aggregate performance. In contrast, our heterogeneity-aware
strategy balances allocation across model and GPU types. We
do not claim that our policy is globally optimal. Our goal here
is simply to highlight the importance of explicitly modeling
system heterogeneity to improve resource utilization.

Simulator validation. Figure 8 compares real and simu-
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Figure 7: Throughput and latency comparison between our
placement method and the memory-proportional approach.
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Figure 8: End-to-end performance of H100 and RTX 3090,
measured on real hardware and predicted by our simulator.
Each configuration is specified as (input length, output length,
batch size), with lengths in tokens: (1) (1024, 1024, 1), (2)
(2048, 512, 4), (3) (512, 2048, 8). (Left) Absolute latency in
seconds. (Right) Speedup of H100 over RTX 3090.

lated end-to-end latency on H100 and RTX 3090 GPUs across
three configurations that vary input length, output length, and
batch size. The simulator’s absolute latency estimates devi-
ate from real measurements by up to 10%, primarily due to
accumulated errors in decode time estimation. The simulator
captures relative performance more accurately, predicting the
H100 speedup over RTX 3090 within 6% of measured values
across all configurations. This shows the simulator can help
OpenTela make heterogeneity-aware scheduling decisions.

6 Swiss Al Deployment and Trace Analysis

OpenTela is currently deployed as the serving backbone for
the Swiss Al Initiative, a multi-institutional open-science re-
search initiative for developing and providing access to open-
source frontier AI models. At the time of writing, we have
been operating OpenTela for over 22 months. It has served
billions of tokens to over 1000 researchers across multiple
institutions. We first discuss our cluster setup and then de-
scribe the anonymized trace dataset that we collected over
a 16-month period (§6.1). We then characterize the LLM
serving workloads from this trace (§6.2).

Cluster setup. The Swiss Al deployment spans three sub-
clusters within the Alps supercomputer at CSCS, each with
distinct hardware and management stacks. Bristen is an x86-
64 cluster equipped with A100 GPUs, managed by Slurm, and
used primarily for smaller-scale and development workloads.
Clariden is a large-scale Slurm cluster equipped with GH200
superchips, used for production inference at scale. Breithorn
is a small Kubernetes-managed cluster, also equipped with



GH200 superchips, intended for long-running, dedicated serv-
ing. Despite their administrative independence, all three sub-
clusters participate in a single OpenTela node network. Com-
pute nodes in all three sub-clusters sit behind network address
translation (NAT) and cannot be reached directly from outside
CSCS, so we run an OpenTela node on another CPU-only
Kubernetes cluster as the public ingress point. Within CSCS,
inter-cluster latency remains under 1 ms with multi-Gbps
throughput between sub-clusters (Figure 6). Researchers and
users interact with OpenTela’s unified API endpoint without
awareness of which sub-cluster handles their request.

Operational model. Researchers with Slurm access con-
tribute nodes to the shared pool by wrapping their serving
commands in the OpenTela CLI. The Breithorn Kubernetes
partition hosts a small set of models that the community has
designated for continuous availability (currently the Aper-
tus family of open-weight models [30] developed within the
Swiss Al initiative, along with a small number of other popular
open models). The remaining models are served on-demand
from Slurm allocations on Bristen and Clariden, with node
lifecycle managed through the gossip network as described
in §3. The API frontend runs as a persistent service on Bre-
ithorn and serves as the ingress node of the gossip network.
It handles authentication via institutional credentials, usage
tracking, and request routing across all three sub-clusters.

6.1 Trace Overview

We release the anonymized trace dataset collected from July
2024 to October 2025 to facilitate future research on Al serv-
ing system infrastructure. This dataset includes over 13 mil-
lion requests, with over 15 billion tokens processed. For each
request, we recorded its timestamp, model identifier, aggre-
gate input and output token counts, and sampling parameters
(e.g., temperature, maximum tokens). Due to privacy and
compliance requirements, we neither use nor disclose the ac-
tual content of both input prompts and output responses in
our traces. However, we do analyze prefix sharing and to-
ken reuse characteristics using the approach first described
in Mooncake [53], which involves irreversibly hashing the
input tokens and putting 16 consecutive tokens into a single
hash bucket. A bucket ID will be equal to another if and only
if the 16 tokens in both buckets are identical. We hash the
bucket ID so that no information can be inferred from the
ID. Hence, our trace does not include any user-identifiable
information. We still allow users to bypass the usage tracking
in cases where it is necessary to ensure data compliance.

In Table 2, we summarize key differences between our
traces and existing public traces. Most existing traces focus
on a single or very few models (often a popular closed-source
LLM such as GPT-3.5 or GPT-4) while our trace includes a di-
verse set of real-world models, with over 142 different models
being requested. Among those models, 46 are existing open-
weight models that are publicly available, while the remaining
96 models are custom-trained models developed within our

Trace Span Schema | # Models | LLM
BurstGPT [69] 121 days T, M, I/O 2 v
Azure 1 [51] days T, I/0 1 Ve
Azure 2 [62] weeks T, I/O 1 v
Azure 3 [54] weeks T, I/O 1 v
Mooncake [53] - - 1 v
ChatLMSys [22] days M, I/O 4 v
Azure MAF [57] days T, M* multiplex X
Ours 16 months | T, M, IO 142 v

Table 2: Trace characteristics summary. T: timestamp, M:
model, I/O: input/output tokens, x: not inference, just function
invocations. Number of models only counts unique models.
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Figure 9: Overall model token usage. Each bar represents the
total token consumption (input + output) for a specific model,
ranked from highest to lowest usage.

researchers and users community. We omit ShareGPT from
this comparison because it exists in several unofficial versions
and consists of conversation sessions from proprietary models
without timestamps or other request-level metadata. Addition-
ally, our traces span a longer period of time, allowing us to
analyze long-term trends in model usage and request patterns.

6.2 Workload Characterization

Model usage distribution. Figure 9 shows the total token
consumption of the top 20 models, including both input and
output tokens per model, ranked from highest to lowest. We
observe a multi-tier power-law distribution. The first tier con-
sists of the top 3 models, which account for a significant por-
tion of total token usage. These models are general-purpose
LLMs that are used for various tasks. The second tier con-
sists of multi-modal models (notably Qwen-2.5-VL) and also
models that researchers in the Swiss Al initiative are particu-
larly interested in evaluating (e.g., Apertus models, which are
trained within the Swiss Al community [30]). The third tier
consists of a long tail of models that are used infrequently,
often for specialized tasks or by niche user groups.

Key Takeaway I: Serving systems must efficiently support a
skewed workload distribution, handling both popular general-
purpose models and a long tail of diverse, niche models.

Per-model request burstiness. Next, we characterize



Burstiness by Model (Peak vs Mean TPM)

Llama-3....uct |87.93
Qwen3-32B{__ J2402
Apertus-...uct{_______]21.00
apertus-...ded 19.37
Apertus-...u_2 18.96
Apertus-...ned 18.74
Qwen3-8B 17.33
Apertus-...-18 17.17
apertus3...sft 16.62
Apertus-...t-9 16.61
Qwen3-Ne...ing 14.68
apertus3...s_2 14,51
Meta-Lla...uct 13.97
Apertus-...-36 1337
Apertus-...n_2 13.36

Model

0 20 40 60 80
Peak / Mean tokens-per-minute

Figure 10: Peak-to-average request rate ratio per model dur-
ing their active minutes.
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Figure 11: Burstiness over time for several representative
models. Burstiness is defined as the ratio of instantaneous
TPM to the model’s average TPM over active periods. Time-
lines are aligned to the first request at t = 0.

model request burstiness along two dimensions: Magnitude
and temporal dynamics. We define the instantaneous bursti-
ness as the ratio of the instantaneous tokens per minute (TPM)
to the model’s average TPM. We then quantify the overall
burstiness magnitude as the peak of this ratio. We compute
the average TPM strictly over active minutes (minutes with
at least one request) to avoid artificially inflating the ratio
due to periods of inactivity. Figure 10 reports the magnitude,
ranking models by their burstiness magnitude to highlight
the most extreme bursty workloads. Overall, we observe ex-
treme volatility across the board. Even among the top 15 most
bursty models, the lowest burstiness exceeds 13, while the
most bursty model reaches a ratio of over 80. This indicates
that average request arrival rates underestimate peak loads.
For example, Figure 11 shows the temporal request invocation
dynamics for a variety of models, with timelines aligned to
each model’s first request (f = 0). This reveals when load
spikes occur relative to the start of a model’s operation.

Key Takeaway 2: Dynamic resource allocation and elastic scaling
are essential, as static provisioning based on average rates does
not satisfy peak demands while provisioning for peak would un-
derutilize resources. Similar burstiness occurs in other real-world
traces, such as ShareGPT and BurstGPT [69].

Input / Output Length Distribution. The distribution of
input and output sequence lengths has significant implica-
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Figure 12: Cumulative distribution of token lengths for the
analyzed models.

tions for resource planning and management. We analyze
the distribution of input and output token lengths of four
models with highest request counts: Llama-3.1-70B, Llama-
3.3-70B, DeepSeek-R1-Distilled-Llama70B,Qwen-32B. Fig-
ure 12 shows the empirical CDF of input (left) and output
(right) token counts for these four models, with dotted verti-
cal lines marking the aggregate P50, P95, and P99 across all
requests. Input distributions are similar, with most prompts
falling between 10? and 10° tokens, except for Deepseek-
RI-Distilled-Llama70B, which shows a flat CDF below 103
tokens before a sharp jump near 10*, indicating a dominant
workload of long, fixed-length prompts. Output distributions
diverge more sharply: Llama-3.1-70B and Llama-3.3-70B
have a large fraction of requests producing only 1-2 tokens,
consistent with classifier or guardrail traffic, while Qwen-32B
follows a smooth sigmoid centered around 10?~10° tokens.

Key Takeaway 3: Output length distribution varies significantly
across models. For non-reasoning models, a substantial fraction
of requests produce only a few output tokens, particularly for
classifier or guardrail traffic, motivating optimizations such as Pre-
fillOnly [21]. Reasoning models, on the other hand, concentrate on
longer output sequences with no comparable short output fraction.
This highlights the importance of applying different optimizations
for different model and workload characteristics.

Input / Output ratio characteristics. A request’s resource
footprint depends heavily on its structure: Input-heavy re-
quests strain compute during the prefill phase, while output-
heavy requests consume memory bandwidth during the de-
code phase. Therefore, we analyze how the output sequence
lengths of requests compares to the total (input + output) se-
quence lengths. Figure 13 plots the output token ratio for
Qwen3-32B, over three months. As shown in Figure 13, the
workload is far from uniform: the ratio of output tokens to
total tokens fluctuates over the three-month period.

Key Takeaway 4: Interference between compute-bound prefill and
memory-bound decode stages is a critical issue in production
LLM serving. This highlights the importance of optimizations
such as chunked prefill [3] and prefill-decode disaggregation [34,
51,63,76] to mitigate this interference.

Prefix sharing characteristics. Beyond the structure of
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Figure 14: Reusable prefix ratio over model lifecycles for
two representative models.

individual requests, we investigate the computational redun-
dancy across requests. We analyze the token reuse ratio, de-
fined as the fraction of input tokens overlapping with recent
history, to identify opportunities for avoiding re-computation.
Figure 14 shows how usage patterns differ between model
types. The reasoning-heavy Qwen3-Next-80B-A3B-Thinking
has a large reuse ratio exceeding 90%. This implies that the
dominant workload for this reasoning model consists of deep,
iterative multi-turn sessions where users build progressively
on a shared context. In contrast, the standard Instruct variant
shows a modest reuse ratio of ~ 15%, reflecting the usage
pattern of independent, single-turn queries. This suggests that
much of the prefill computation in reasoning models may
be redundant. This motivates KV-cache management opti-
mizations like LMCache [11], which amortizes the quadratic
attention costs inherent in long-context, iterative workflows.

Key Takeaway 5: Our analysis of Qwen3-Next-80B-A3B-Thinking
suggests that reasoning models, particularly when used in itera-
tive, multi-turn sessions, might exhibit high prefix reuse ratios.
This suggests that optimizations focused on prefix caching and
KV-cache management [11] could be particularly beneficial for
amortizing the quadratic attention costs in these workloads.

Latency Distribution. Figure 15 shows the cumulative
distribution of end-to-end latency (E2E, left) and output token
counts for reasoning and non-reasoning requests. We observe
that reasoning requests exhibit substantially higher E2E la-
tency than non-reasoning ones, with a P95 of 173.58 s, more
than 5.5 higher than the P95 of non-reasoning requests
(30.77 s). The output token distribution shows the source
of this gap: non-reasoning requests produce short outputs
for a substantial fraction of the workload, with a median of
87 tokens and P95 of 828 tokens, while reasoning requests
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Figure 15: Cumulative distribution of end-to-end latency
(left) and output token counts (right).

routinely generate much longer outputs, with a median of
1,782 tokens and P95 of 7,628 tokens, roughly an order of
magnitude higher than non-reasoning requests.

Key Takeaway 6: Service Level Objectives (SLOs) must be dif-
ferentiated to accommodate reasoning models, applying distinct
timeout and retry policies that account for their significantly higher
latency tails compared to standard models. To actively guarantee
SLOs, systems could implement “reasoning budget” [43,70] that
dynamically caps the computational depth of reasoning traces to
fit within time windows, or SLO-aware model selection [9, 35]
where the system dispatches queries to the appropriate models, or
SLO-aware model serving [10].

7 Discussion

We reflect on our experiences designing, implementing, and
operating OpenTela for real users (§7.1). We then share some
observations on emerging workload patterns driven by reason-
ing models (§7.2). Finally, we discuss the limitations of our
current design and outline directions for future work (§7.3).

7.1 Lessons learned

Flexibility and interoperability as first-class citizens. We
observed that researchers often have varying preferences for
serving engines and hardware capabilities, and that the flex-
ibility to adapt to different hardware and software environ-
ments is crucial for the deployment and adoption of OpenTela.
In the context of LLM serving, the widespread adoption of
the unified OpenAl-compatible interface across these serving
engines provided a standardized abstraction layer. This al-
lowed us to design OpenTela to be engine-agnostic by default.
Furthermore, we evaluated whether Kubernetes-based orches-
tration would be a better fit for our use case. However, given
our reliance on Slurm-based HPC clusters for GPU resources,
we found that integrating with existing HPC infrastructure
provided a more seamless experience for our users.

Need for more expressive abstractions. While the
OpenAl-compatible interface simplifies interaction, it ob-
scures critical execution details like model quantization levels
and context limits. This creates ambiguity when users have
strict expectations regarding numerical precision and other
parameters critical for model quality. To mitigate this, we
currently require model providers to adhere to strict nam-
ing conventions (e.g., explicitly tagging quantization bits in
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Figure 16: KV cache usage comparison between reasoning
and non-reasoning models.

model names) to ensure transparency. This highlights a gap in
current LLM serving protocols: the lack of a protocol for ne-
gotiating model quality of service beyond simple identifiers.

Importance of proper systematic modeling. Early itera-
tions of OpenTela relied on a centralized database for track-
ing GPU worker availability. We found that enforcing strong
consistency for metadata operations created a significant scal-
ability bottleneck. The pivotal lesson was transitioning from
ad-hoc state tracking to a formal algebraic model that repre-
sents the cluster state as a conflict-free replicated data type
(CRDT). By modeling the system state as a monotonic lat-
tice, we were able to decouple node interactions and adopt an
eventually consistent model. This shift eliminated the central
coordinator entirely, enabling the system to remain available
even during network partitions.

Introspection, monitoring and human intervention. De-
bugging in a decentralized environment is inherently chal-
lenging due to the lack of direct access (e.g., SSH) to worker
nodes. Consequently, we shifted our design philosophy from
attempting to recover to fail-stop semantics. Instead of at-
tempting complex runtime recovery, OpenTela relies on strict
health checks, and upon detecting fatal anomalies (e.g., NCCL
timeout), a node automatically evicts itself from the cluster to
preserve global system integrity. To aid post-mortem analysis,
we proactively collect logs to a sink before termination.

7.2 Implications of Reasoning for LLLM Serv-
ing Systems

We also conduct some preliminary experiments to motivate
future work on making serving systems more workload-aware
and hardware-aware. In particular, since we notice that Open-
Tela often serves reasoning and non-reasoning variants of
models, we explore the serving system implications of rea-
soning by running representative public benchmarks.

KYV cache pressure. Reasoning models tend to produce
longer outputs, which consumes additional memory compared
to their non-reasoning ("Instruct") model counterparts. Fig-
ure 16 compares the KV cache usage for the AIME 1983-
2024 [68] benchmark. The non-reasoning model shows a
dynamic usage pattern with rapid reclamation cycles, finish-
ing in ~ 40 minutes. In contrast, the reasoning model extends
execution to ~ 95 minutes and has a distinct sawtooth pat-
tern: sharp, sustained increases represent the accumulation of
transient state during chain-of-thought reasoning, followed
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Figure 17: Power consumption of reasoning and non-
reasoning models.

by sharp drops upon sequence completion. The high cost of
regenerating transient “reasoning” states requires sophisti-
cated memory management, such as offloading KV caches to
secondary storage during preemption rather than discarding
and recomputing them.

Energy consumption. The longer execution time and
higher memory usage of reasoning models inevitably in-
creases energy costs. Figure 17 quantifies this impact on A100
and GH200 architectures for the AIME 1983-2024 bench-
mark [68]. We find that reasoning models are not just slower
but also consume more energy. The reasoning variant con-
sumes over 2 X the total energy of the non-reasoning baseline
(rising from ~ 2.0 kWh to ~ 4.3 kWh). Crucially, the energy
cost per token also jumps by ~ 56% (from ~ 0.16 to ~ 0.25
kWh per million tokens). This non-linear scaling stems from a
compound effect: The model generates more tokens (volume),
and as the context window expands, the quadratic complex-
ity of self-attention makes every subsequent decoding step
more computationally intensive. Furthermore, we compare
the energy consumption across two GPU architectures. While
GH200s deliver superior raw performance, their energy con-
sumption is on par with A100s for the same workload. We
attribute this to two factors associated with this particular
workload. First, the workload is memory-bound by the KV
cache, restricting the batch sizes and preventing full saturation
of GH200’s compute units. Second, the sparse activation of
MOoE models exacerbates this by requiring more memory ca-
pacity while demanding relatively less compute. This aligns
with previous findings [12, 15]. Future serving systems could
improve energy efficiency for reasoning models by applying
memory optimizations, such as KV cache compression or of-
floading, as the workload is constrained by memory capacity
rather than raw compute power.

7.3 Limitations and Future Work

While OpenTela successfully bridges the gap between HPC
infrastructure and model serving, operating a decentralized
user-space overlay at this scale has revealed limitations.
Protocol expressiveness and quality of service (QoS).
As discussed earlier, the adoption of a unified, OpenAl-
compatible interface simplifies client integration but abstracts
away critical configuration nuances; a client cannot easily
request specific trade-offs, such as lower precision for lower



latency or guaranteed precision without relying on rigid nam-
ing conventions. We propose extending the serving protocol
to support QoS negotiation. Future versions of OpenTela will
allow clients to specify constraints (e.g., quantization > 4-bit,
specific GPU type) in the request metadata, and the system
will route requests to nodes that satisfy these constraints.

Availability. OpenTela currently operates on a best-effort
basis and does not provide strong availability guarantees. We
plan to introduce tiered service levels. By categorizing re-
sources based on their expected stability (e.g., differentiat-
ing between stably owned partitions and volatile scavenger
queues), the scheduler could route critical workloads to more
stable nodes, while batch processing tasks can exploit volatile,
lower-priority capacity to maximize cluster throughput with-
out compromising reliability for high-priority users.

Cross-node serving optimizations. Several recent serving
optimizations that would benefit our workload are not yet
supported in OpenTela. KV cache reuse works only when a
request lands on a node already holding the relevant prefix,
and prefill and decode disaggregation [51,76] is unsupported
because the OpenTela router treats each request as an atomic
unit. A global KV cache layer [11] across the mesh and prefill-
decode disaggregated deployment are both future work.

8 Related Work

Heterogeneous LLM serving. Heterogeneous LLM serving
refers to systems that utilize a mix of GPU types with varying
hardware characteristics—such as differing computational
and memory capacities—to optimize resource utilization and
cost-efficiency. Several recent works [29,33,37,52,66] have
addressed this domain. Petals [5] is the first open-source sys-
tem that allows users to serve LLMs on a set of decentralized
hardware. HexGen [36] introduces asymmetric partitioning
and designs advanced scheduling techniques to deploy gener-
ative inference in heterogeneous and decentralized settings.
SkyServe [42] leverages spot instances across different re-
gions and clouds to ensure availability for Al models serving,
but does not focus on distributed HPC environments. LLM-
ServingSim [13] adopts a trace-driven performance modeling
approach and provides a simulation framework to evaluate the
performance of heterogeneous LLM serving systems. Thun-
derServe [34] addresses the distinct computational character-
istics of the prefill and decoding phases by deploying them on
heterogeneous GPUs matched to their respective workload re-
quirements. Similarly, Helix [46] formulates the optimization
of heterogeneous GPU and network connections as a max-
flow problem, utilizing mixed-integer linear programming to
determine optimal model deployment, SageServe [32] formu-
lates the optimization strategies as an optimization problem
and solves it with integer linear programming (ILP). Collec-
tively, these works demonstrate that the strategic utilization
of heterogeneous resources significantly enhances the cost-
efficiency of LLM serving. Unlike existing works on single-
model serving, our service scheduler jointly addresses model

heterogeneity (varying LLMs) and GPU heterogeneity (vary-
ing hardware specifications) for multi-model deployment.

Multi-tenant LLM serving. Another line of research fo-
cuses on serving multiple models concurrently to maximize
resource utilization. AlpaServe [40] reveals that model par-
allelism can be used for statistical multiplexing of multiple
models, and designs a serving system that determines efficient
placing and parallelizing strategies. MuxServe [22] introduces
a flexible spatial-temporal multiplexing system that identifies
optimal colocation strategies for multiple LLMs. When the
multiple models are fine-tuned from a shared base model,
DeltaZip [72] exploits the shared weights and compresses the
deltas to improve serving efficiency. If the fine-tuning is per-
formed using parameter-efficient methods (e.g., LoRA [31]),
Punica [8] and S-LoRA [59] design specialized serving sys-
tems for serving adapters efficiently. In contrast, OpenTela fo-
cuses on the challenges arising from both model and hardware
heterogeneity, as well as administrative burdens in large-scale
deployments, particularly on HPC environments.

Federated research infrastructure. OpenTela is similar
in spirit to federated testbeds such as PlanetLab [20] and
CloudLab [23], which pool resources across institutions for
systems and networking research. OpenTela focuses on LLM
serving and operates as an overlay on existing HPC clusters
rather than dedicated testbed hardware.

9 Conclusion

As open-source models proliferate and organizations seek
greater control over their Al stack, serving infrastructure
needs to operate across HPC clusters with heterogeneous hard-
ware and dynamic resource availability. Decentralized orches-
tration overlays such as OpenTela offer a convenient alterna-
tive to centralized cloud-native control planes. OpenTela uni-
fies fragmented and heterogeneous compute resources across
diverse clusters into a single LLM serving platform, providing
service discovery, fault-tolerant routing, heterogeneity-aware
scheduling, and a unified serving interface on top of exist-
ing LLM inference engines, all while operating entirely in
user space. Our deployment in the Swiss Al Initiative shows
that this approach is practical at scale: OpenTela has served
more than 15 billion tokens across 142 models to over 1000
researchers from multiple institutions.
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